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Available online 14 October 2015Clustering genotype × environment (GE) interactions and understanding the causes of GE
interactions are among the most important tasks in crop breeding programs. Pattern
analysis (cluster and ordination techniques) was applied to analyze GE interactions for
grain yield of 24 durum wheat (Triticum turgidum L. var. durum) genotypes (breeding lines
and old and new cultivars) along with a popular bread wheat (Triticum aestivum) cultivar
grown in 21 different rainfed environments during the 2010–2013 cropping seasons. To
investigate the causes of GE interaction, several genotypic and environmental covariables
were used. In a combined ANOVA, environment was the predominant source of variation,
accounting for 81.2% of the total sum of squares (TSS), and the remaining TSS due to the GE
interaction effect was almost seven times that of the genetic effect. Cluster analysis
separated the environments into four groups with similar discriminating ability among
genotypes, and genotypes into five groups with similar patterns in yield performance.
Pattern analysis confirmed two major environmental clusters (cold and warm), and allowed
the discrimination and characterization of genotype adaptation.Within the cold-environment
cluster, several subclusterswere identified. The breeding linesweremost adapted tomoderate
and warm environments, whereas the old varieties were adapted to cold environments. The
results indicated that winter rainfall and plant height were among the environmental and
genotypic covariables, respectively, that contributed most to GE interaction for grain yield in
rainfed durum wheat.
© 2015 Crop Science Society of China and Institute of Crop Science, CAAS. Production and
hosting by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
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Turkey, Syria, Morocco, Tunisia, Algeria, and Iran accounting
for 84% of that production [1]. Rainfall and temperature in
Mediterranean dryland areas show large and unpredictable
fluctuations within and among cropping seasons. Durum
wheat in Iran is cultivated across diverse environments,
ranging from warm lowlands to cold highlands. The improve-
ment of a crop's productivity under stress conditions requires
genotypes with stress tolerance and yield stability [2].
To ensure valid genotype recommendation, a common
practice among breeders is to repeat yield trials over years to
validate recommendations. With this approach, crossover-type
genotype × environment (GE) interactions are frequently ob-
served [3], limiting the adaptation of new varieties to only
certain environments. In durumwheat, as inmany other crops,
insufficient yield stability has been recognized as one of the
main factors responsible for the gap between yield potential
and actual yield, particularly in drought-prone environments
[4,5].
The GE interaction, defined as the variation in relative
performance of genotypes in different environments [6], is
challenging to plant breeders because it complicates the
selection of superior genotypes, thereby reducing genetic
progress [7]. If GE interactions are present, breeders need to
identify stable genotypes with relatively consistent perfor-
mance across a range of environments.
Several statistical methods have been proposed to inves-
tigate GE interactions. These range from univariate paramet-
ric models to multivariate models. Joint regression is the most
popular of the univariate methods because of its simplicity of
calculation andapplication [8]. Among themultivariatemethods,
pattern analysis has been successfully applied to analyzing GE
interactions in multi-environment trials (MET) [9–12]. Pattern
analysis consists of the complementary procedures of classifi-
cation (clustering) and ordination [13,14]. GE interaction data
obtained from regional yield trials can be investigated by
pattern analysis [14–16] to identify genotypes with similar
responses across environments and to identify environments
that produce similar discriminations among the genotypes
growing in them. Cluster analysis summarizes the complexity
of the datawhile retainingmost of its information bypermitting
the description of responses with relatively few genotype
clusters, environment clusters, or both [17]. Biplot analysis
summarizes the data by representing the patterns of the data in
a small number of dimensions.
Numerous methods have been used in the search for
understanding of the causes of GE interaction [18]. These
methods can be categorized into two major strategies. The
first involves factorial regression analysis of the GE matrix
upon environmental factors, genotypic traits, or combinations
of both [19]. The second involves correlation or regression
analysis in which the environmental and/or genotypic inter-
action principal component (PC) scores of the GE matrix are
related to environmental and/or genotypic covariables [20,21].
By relating the PC1 and PC2 scores to environmental conditions
and genotypic traits, an understanding of the environmental
and genotypic basis of the non-crossover and crossover GE
interactions can be achieved [22].
The main objectives of this study were to (i) classify the GE
interactions for grain yield of 25 wheat genotypes grown in 21different rainfed environments and (ii) investigate the causes
of GE interactions in durum wheat yield trials in Iran.2. Materials and methods
2.1. Plant material and climatic data
Twenty four durum wheat genotypes (Table 1) including 21
breeding lines (G1–G21), one new (G22) and two old cultivars
(G23, G24), along with one popular old bread wheat cultivar
(G25) were tested in seven rainfed research stations represen-
tative of the major rainfed durumwheat-growing areas in Iran,
during three cropping seasons (2010–2013), resulting in 21
environments (combinations of location and year). The seven
stations were Maragheh (M11, M12, and M13 representing the
2011, 2012, and 2013 seasons), Qamloo (Q11, Q12, Q13), Shirvan
(S11, S12, S13), Uromieh (U11, U12, U13), Ardebil (A11, A12, A13)
(cold locations); Kermanshah (K11, K12, K13) (moderately cold
location); and Ilam (I11, I12, I13) (warm location) (Table 2). In
each environment, the experimental layout was a randomized
complete block design with three replications. Plot size was
7.2 m2 (6 rows, 6 m long,with 20-cm row spacing).Management
practices recommended for each location were followed in all
yield trials. The grain yields were measured on a plot basis and
converted to kg ha−1 for the statistical analyses.
In addition to grain yield, drought adaptive traits including
days to heading (DTH), days to maturity (DTM), plant height
(PLH), and 1000-kernel weight (TKW) were measured for the
genotypes in each environment. These traits were used as
genotypic covariables. Climatic variables including monthly
rainfall, minimum and maximum temperature, average
temperature, freezing days, relative humidity, and evaporation
were obtained from climatological stations established at the
research stations and used as environmental covariables.
2.2. Data analysis
Combined analysis of variance (ANOVA) for grain yield data
was performed to determine the effects of genotype (G),
environment (E), and GE interaction effects. Pattern analysis
was performed using the IRRISTAT statistical program on the
basis of standardized mean data for each environment,
following Fox and Rosielle [23]. Hierarchical agglomerative
clustering [9] was applied to the GE interaction data matrix
with incremental sums of squares [24] as the fusion criterion.
In other words, in any part of the dendrogram, members or
groups were joined to minimize the new within-group sums
of squares. Dendrograms were constructed on the basis
of fusion levels using the Ward method [24] to examine
similarities in pattern of traits of interest among genotypes
(in response to environments) and environments (in dis-
criminating among genotypes). Classification efficacy was
determined by the sum of squares retained in the reduced
GE interaction data matrix. Ordination was performed on
the environment standardized mean yield data using the
singular-value decomposition (SVD) algorithm with results
represented by a biplot [25,26]. The data were modeled in two
dimensions, and the efficacy of the model was determined by
the proportion of the sum of squares accounted for by each
Table 1 – Code, name, and origin of the durum wheat genotypes tested in 2011–2013 under rainfed
conditions in Iran.
Code Name/Pedigree Origin
G1 SORA/2*PLATA_12//SRN_3/NIGRIS_4 CIMMYT
G2 GUAYACAN INIA/3/STOT//ALTAR 84/ALD CIMMYT
G3 CBC 501 CHILE/SOMAT_3.1 CIMMYT
G4 CMH82A.1062/3/GGOVZ394//SBA81/PLC/4/AAZ_1/CREX/5/… CIMMYT
G5 SNITAN/3/STOT//ALTAR 84/ALD CIMMYT
G6 ALTAR 84 CIMMYT
G7 STOT//ALTAR 84/ALD CIMMYT
G8 AINZEN-1/SORD_3 CIMMYT
G9 CAMAYO/3/STOT//ALTAR 84/ALD/4/RASCON_37/2*TARRO_2 CIMMYT
G10 CBC 509 CHILE/SOMAT_3.1//WODUCK/CHAM-3 CIMMYT
G11 BCRIS/BICUM//LLARETA INIA/3/DUKEM_12/2*RASCON_21 CIMMYT
G12 ALTAR 84/STINT//SILVER_45/3/GUANAY/4/GREEN_14//… CIMMYT
G13 ALTAR 84/STINT//SILVER_45/3/GUANAY/4/GREEN_14//… CIMMYT
G14 ALTAR 84/STINT//SILVER_45/3/STOT//ALTAR 84/ALD/4/… CIMMYT
G15 CBC 509 CHILE/SOMAT_3.1//BOOMER_18/LOTUS_4 CIMMYT
G16 LYMNO_8/3/RASCON_37/TARRO_2//RASCON_37/4/STOT//… CIMMYT
G17 SRN_1/6/FGO/DOM//NACH/5/ALTAR 84/4/GARZA/AFN//CRA/3/… CIMMYT
G18 AINZEN-1//HYDRANASSA30/SILVER_5/3/AUK/GUIL//GREEN CIMMYT
G19 CBC 503 CHILE/3/STOT//ALTAR 84/ALD/4/BICHENA/AKAKI_7 CIMMYT
G20 G-1252/Zardak Iran
G21 Zardak/3/61-130/414-44//Cak79 Iran
G22 Saji (new cultivar) Iran
G23 Zardak (old variety) Iran
G24 Gerdish (old variety) Iran
G25 Sardari (old variety) Iran
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groups allowed characterization of genotypes with similar
performance within specific environments. By this method, it
is possible to reduce the dimensionality of a datamatrix, so that
the variation may be better described.Table 2 – Description of the durum wheat testing environments
Environment Coordinate
Code Location Cropping season Latitude Longitude Al
K11 Kermanshah 2010–2011 34° 19′ 12″ 47° 16′ 48″
K12 Kermanshah 2011–2012 34° 19′ 12″ 47° 16′ 48″
K13 Kermanshah 2012–2013 34° 19′ 12″ 47° 16′ 48″
M11 Maragheh 2010–2011 37° 22′ 12″ 46° 15′ 0″
M12 Maragheh 2011–2012 37° 22′ 12″ 46° 15′ 0″
M13 Maragheh 2012–2013 37° 22′ 12″ 46° 15′ 0″
Q11 Qamloo 2010–2011 35° 22′ 48″ 47° 13′ 48″
Q12 Qamloo 2011–2012 35° 22′ 48″ 47° 13′ 48″
Q13 Qamloo 2012–2013 35° 22′ 48″ 47° 13′ 48″
U11 Uromieh 2010–2011 37° 19′ 48″ 45° 1′ 48″
U12 Uromieh 2011–2012 37° 19′ 48″ 45° 1′ 48″
U13 Uromieh 2012–2013 37° 19′ 48″ 45° 1′ 48″
A11 Ardabil 2010–2011 38° 10′ 48″ 48° 22′ 12″
A12 Ardabil 2011–2012 38° 10′ 48″ 48° 22′ 12″
A13 Ardabil 2012–2013 38° 10′ 48″ 48° 22′ 12″
S11 Shirvan 2010–2011 37° 13′ 48″ 58° 7′ 12″
S12 Shirvan 2011–2012 37° 13′ 48″ 58° 7′ 12″
S13 Shirvan 2012–2013 37° 13′ 48″ 58° 7′ 12″
I11 Ilam 2010–2011 33° 40′ 48″ 46° 34′ 48″
I12 Ilam 2011–2012 33° 40′ 48″ 46° 34′ 48″
I13 Ilam 2012–2013 33° 40′ 48″ 46° 34′ 48″
AT, average temperature; Mx, maximum temperature; Mn, minimum temA stepwise-regression procedure for selecting the most
significant environmental covariables was used. The environ-
mental covariables entered in themodel were used to interpret
GE interaction. A correlation analysis between genotypic/
environmental PC1 and PC2 scores from pattern analysis andunder rainfed conditions in Iran.
Freezing days Temperature
(°C)
Rainfall
(mm)
RH
(%)
Eva
(mm)
titude
(m)
AT Mx Mn
1351 75 11.8 19.5 4.1 342.5 49.0 887.4
1351 98 11.0 18.4 3.7 302.9 46.7 978.6
1351 58 13.4 19.3 5.9 394.3 46.0 1257.4
1400 130 5.6 10.5 0.7 351.4 55.0 778.6
1400 142 4.0 8.4 −0.5 251.0 61.5 778.5
1400 103 6.4 10.8 2.0 351.1 59.8 837.6
1850 132 6.6 14.4 −1.1 346.6 49.4 951.2
1850 131 6.5 13.6 −1.2 313.3 51.6 937.2
1850 97 8.4 16.1 0.9 256.1 60.8 758.0
1332 80 9.6 15.5 3.1 333.9 57.6 118.3
1332 137 7.2 13.8 1.0 290.3 61.5 99.2
1332 104 10.1 15.8 4.9 400.1 61.4 106.3
1500 109 8.5 15.2 0.1 177.0 67.6 514.2
1500 125 6.1 13.9 −1.8 278.5 69.2 491.4
1500 70 8.7 16.2 2.2 233.4 67.3 607.2
1131 98 11.1 18.2 3.9 229.0 63.1 304.6
1131 118 8.9 14.8 2.4 267.8 67.2 115.3
1131 75 10.6 17.5 4.0 235.5 60.4 210.0
975 37 13.5 22.8 4.3 384.3 50.3 600.0
975 64 12.9 22.5 2.2 328.9 50.5 519.7
975 21 13.6 20.2 7.2 396.1 55.3 519.8
perature; RH, relative humidity; Eva, evaporation.
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most sources of GE interaction in rainfed durum wheat MET
data.3. Results
3.1. Climatic data, variance components, and mean
yield performance
Among the environments, precipitation (October–June) varied
from 177 to 399 mm, average minimum temperatures ranged
from −2.5 to 8.5 °C, and average maximum temperatures
varied from 8.4 to 24.5 °C. The low rainfall and low temper-
ature at most of the stations resulted in both drought and cold
stresses, which are both limiting factors for durum wheat
production in cold rainfed highland areas of Iran.
The results of combined analysis of variance for grain yield
of 25 genotypes in 21 environments are given in Table 3.
Highly significant differences were observed between geno-
types and between environments and their interactions
(P < 0.01). Partitioning of TSS indicated that the environments
accounted for 81.2% of the TSS and the remaining sum of
squares (SS) due to GE interaction effect was almost seven
times that of the genetic effect (Table 3). A linear regression
analysis may be used to evaluate the stability of genotypes
across environments. Linear regression accounted for 11% of
the GE interaction, indicating that a linear approach cannot
be expected to account for the integrated effect of different
limiting factors (cold, drought, temperature, etc.) on yield
performance of the genotypes investigated.
Mean yields varied from 435 to 3537 kg ha−1 across the 21
diversified rainfed environments, indicating large variation
in yield potential of genotypes (Table 4). The mean yield for
an individual genotype in an individual environment ranged
from 158 kg ha−1 for genotype G1 in environment A13 to
4659 kg ha−1 for G3 in environment I11 (Table 4).
3.2. Genotype and environment classification
Environments were classified into four groups (Fig. 1) and
genotypes into five groups (Fig. 2). In the classification of
environments, five environments (S11, Q11, Q12, A11, andTable 3 – Analysis of variance for grain yield of 25 durum
wheat genotypes grown in 21 different rainfed
environments.
Source df SS MS TSS
(%)
Environment (E) 20 303,748,192 15,187,410.0 ⁎⁎ 81.2
Genotype (G) 24 9,439,285 393,303.5 ⁎⁎ 2.5
GE interaction 480 60,967,648 127,015.9 ⁎⁎ 16.3 % of GE
Regression 24 6,680,496 278,354.0 ⁎⁎ 11.00%
Deviation from
regression
456 54,287,152 119,050.8 ⁎⁎ 89.00%
Total 524 374,155,136
SS, sum of squares; MS, mean squares; TSS, total sum of squares.
⁎⁎ Significant at the 0.01 probability level.A12), corresponding to cold environments with medium yield
potential were the first to be separated as a single group (the
LGp-35 group). The low-yielding environments S12, S13, U11,
K13, and U13 were included in the LGp-36 group. At the next
split, the five low-to-high-yielding environments A13, U12,
M12, M13, and Q13 were separated as the LGp-37 group. The
major split formed the last cluster, the LGp-38 group. This
cluster represented the high-yielding environments K11, K12,
M11, I11, I12, and I13 as LGp-38 group that was different from
theother environment groups (LGp-35, LGp-36 andLGp-37)with
low to medium yield performance, indicating the presence of
two mega-environment groups (cold and warm) in rainfed
durum wheat regional yield trials in Iran (Fig. 1).
The genotype dendrogram clearly indicated the presence
of two major groups (GGp-25 versus the other groups) in the
final cluster of maximum dissimilarity (Fig. 2). Group GGp-25,
with the highest yield potential (1969 kg ha−1), contained the
old wheat cultivar (Sardari) with high adaptation to cold
rainfed highland regions of Iran. The other four clusters
contained the durum wheat genotypes. Genotype group
GGp-40, the first to be separated on the dendrogram, consisted
of four durum breeding lines (G12, G16, G18, and G19) with the
lowest yield performance. This group had mean performance
below the grand mean in all environment groups. At the next
split, group GGp-43 consisted of durum breeding lines G3, G7,
G8, G10, G14, and G15 with relatively high yield potential
(1592 kg ha−1). The yield of this group in moderately cold and
some cold environments was higher than those of other
breeding line groups (GGp-40 and GGp-44). Group GGp-44
contained two durum breeding lines (G20 and G21) and two
old durum varieties (G23 and G24) with low yield performance.
The last group (GGp-45), with average yield potential, consisted
of a new durum cultivar (G22) and durum breeding lines G1, G2,
G4, G5, G6, G11, G13, and G17.
3.3. Mean-performance plots
The results of classification analysis based on grain yield data
for environments and genotypes, as well as their group
numbers and memberships, are presented in Table 5. The
mean performance of each genotype group in each environ-
ment group based on GE interaction effects is presented in
Fig. 3. The response plot of the yield of the five genotype
groups showed various patterns of adaptation to different
environment groups. The genotype group GGp-25, followed by
GGp-44, showed the highest interaction with environmental
groups, and thus displayed specific adaptation to only certain
locations and may have unstable yield across all environ-
mental groups (Fig. 3). Genotype group GGp-40 showed
negative interaction with all environment groups and thus
is the poorest group and can be discarded. Genotype groups
GGp-43 and GGp-45 showed the lowest interaction with
environmental groups and can be regarded as stable groups.
The results indicated that genotypic groups consisting of
durum breeding lines were poorly adapted to LGp-35 (the
cold-environment group) and, in contrast, GGp-25 consisting
of mainly the bread wheat cultivar was poorly adapted to
LGp-38 (the warm-environment group), indicating the poor
adaptation of durum breeding lines to cold environments in
comparison to the old bread wheat cultivar (Sardari). The
Table 4 –Mean yield performance of each of 25 genotypes in each of 21 test environments.
Code K11a K12 K13 M11 M12 M13 Q11 Q12 Q13 U11 U12 U13 A11 A12 A13 S11 S12 S13 I11 I12 I13 Mean
G1b 1888 2427 867 2354 736 1033 1359 563 2657 1307 578 1271 1383 2422 158 1115 754 1227 3363 1156 2375 1476
G2 1981 2809 1469 2168 866 1975 1619 973 2691 1332 639 1939 1367 2617 289 956 802 1502 3325 1183 2693 1676
G3 2333 2578 700 2225 801 1466 1836 648 2667 1465 546 2079 1362 2388 739 1093 842 1449 4659 1245 1490 1648
G4 1793 2204 590 2247 771 1502 1243 480 2257 1324 524 1525 1555 2445 400 989 717 1276 3321 1073 1542 1418
G5 2155 2098 1005 1851 1032 1717 1631 662 2881 1212 486 1620 1633 2372 339 1141 870 1498 3588 807 1875 1546
G6 1709 2331 745 1917 1416 1609 1006 363 2857 1191 507 1519 1595 2472 622 1037 782 1356 3732 1005 1198 1475
G7 1955 2399 419 2513 1168 2263 1236 234 2891 1228 509 1331 1422 2272 589 1130 947 1649 3651 979 2698 1594
G8 2021 3007 578 2211 871 2067 1466 863 3027 1257 506 1705 1555 2378 522 1263 940 1551 4358 901 2448 1690
G9 1895 2523 767 2215 1041 1977 1846 583 2776 1119 546 1073 1455 2445 561 915 513 938 3900 1102 1927 1529
G10 1750 2239 1045 1921 799 967 1194 423 2639 1394 467 1867 1305 1755 500 1041 826 1449 3373 698 1886 1407
G11 2088 2930 426 1069 1137 2053 1083 956 2880 1137 632 1576 1638 2495 317 1041 946 1702 3720 1296 1625 1559
G12 1933 2287 795 1711 521 1057 2062 758 2267 967 640 2116 1405 2172 447 956 708 1307 4132 1094 2255 1504
G13 1960 2312 826 2144 1196 2037 1339 521 1587 1203 876 963 1438 2033 347 1100 663 1071 3494 1109 2594 1467
G14 1579 2148 907 2414 686 1658 1352 507 3059 1413 548 1970 1545 2378 344 1089 962 1702 3491 833 2802 1590
G15 2057 2562 850 2062 854 886 1443 470 2696 1334 655 2685 1695 1962 319 1163 1005 1796 3945 1272 2411 1625
G16 1762 2107 300 1954 475 1723 1358 567 2545 1058 591 1217 1517 2505 328 1011 676 1191 3699 901 3370 1469
G17 1957 2398 548 1327 660 2180 1123 503 2504 1118 522 1222 1662 2750 388 1307 933 1436 4590 1120 3136 1590
G18 1345 2168 686 1728 500 1523 1719 572 2223 838 565 1000 1617 2622 411 1333 851 1222 3203 380 2000 1357
G19 1614 2295 331 2128 195 1055 1807 910 2155 1135 453 905 1688 2100 356 933 737 1382 3945 1010 1385 1358
G20 1596 2191 1567 1805 583 2508 1670 400 3228 1295 706 2403 1512 2388 481 1089 906 1631 2500 844 1417 1558
G21 1398 2296 743 1741 1287 2828 1083 480 3451 1380 725 1326 1555 2317 456 978 832 1587 2586 620 1969 1507
G22 2314 2667 1026 1919 749 1548 1807 935 2313 1325 701 1007 1912 2633 347 1011 778 1378 3817 1135 2188 1596
G23 1619 2250 822 1888 967 2602 1928 1740 3060 1264 786 1403 1517 2312 592 1326 963 1520 3397 709 1823 1642
G24 1350 1646 524 1908 862 2126 1480 1763 2656 1091 582 437 1622 1745 725 1081 793 1342 1931 676 719 1289
G25 1943 2125 803 2052 1300 3244 3442 2819 3727 1457 775 2072 1683 3072 297 1774 1245 1862 2711 1201 1740 1969
Mean 1840 2360 774 1979 859 1824 1565 788 2708 1234 603 1529 1546 2362 435 1115 840 1441 3537 974 2063 1542
a Letters followed by numbers 11, 12, and 13 represent environmental codes. For environment names see Table 2.
b G1–G25 represent genotype codes. For genotype names see Table 1.
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Fig. 1 – Environment dendrogram showing hierarchical classification of 21 different rainfed environments using standardized
grain yield data for 25 genotypes. LGp stands for location group.
Fig. 2 – Genotype dendrogram showing hierarchical classification of 25 genotypes using environment standardized grain yield
data across 21 diverse rainfed environments. GGp stands for genotype group.
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Table 5 – GE interaction groups and membership based on grain yields of 25 genotypes grown in 21 rainfed environments.
Mean yields for genotypic and environmental groups are original values.
Genotype groups Environment groups
Code Members of group Mean yield
(kg ha−1)
LGp_35 LGp_36 LGp_37 LGp_38
Q11, A11, S11,
Q12, A12
U11, S12, K13,
U13, S13
M12, U12, M13,
Q13, A13
K11, M11, I11,
K12, I12, I13
GGp_25 G25 1969 2558 1488 1869 1962
GGp_40 G12, G16, G18, G19 1389 1481 971 1002 2100
GGp_43 G3, G 7, G8, G10, G14, G15 1557 1349 1312 1257 2309
GGp_44 G20, G21, G23, G24 1489 1499 1191 1561 1703
GGp_45 G1, G2, G 4, G5, G6, G9, G11,
G13, G17, G22
1499 1431 1108 1248 2210
Mean yield (kg ha−1) 1664 1214 1387 2057
532 T H E C R O P J O U R N A L 3 ( 2 0 1 5 ) 5 2 6 – 5 3 5environment groups LGp-36 and LGp-37 were those that best
discriminated genotype groups, given that the genotypic
groups were better separated in these environmental groups
(Fig. 3).
3.4. Ordination analysis
The results of ordination analysis are presented in the biplot
(Fig. 4) as suggested by Gabriel [25] and Kempton [26]. The first
two PCs in the biplot explained 41.6% (PC1 = 24.5%, PC2 = 17.1%)
of the total sum of squares for GE interaction. Consequently
only the first two PCs with moderate cumulative variance
percentage of componentswere plotted for ordination analysis,
and this approach couldnot fully depict the scatter of genotypes
and environments in the space. The position and perpendicular
projection of genotype points relative to environment points
could be used to determinewhether a genotypewas specifically
adapted to a given environment.
The genotype and environment groups derived from the
cluster analysis discussed above are indicated by the closed
loops in Fig. 4. Genotypes close to the origin of the biplot are
average in performance or are notwellmodeled by the analysis.
Genotypes that are close together are similar in performance,
while adjacent environments cause similar discrimination
among genotypes. Generally, genotypes and environments500
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Fig. 3 – Mean performance plots of five genotype groups over fou
genotype group and LGp for location group.within clusters were in close proximity, whereas some clusters
were more diffuse. Some genotypes had similar responses over
environments; generally, genotype performance differed
considerably. Genotype groups that were positioned in high
hand side of biplot with an environment group tended to
show higher grain yield, reflecting better adaptation to that
environment group [26]. Genotype group GGp-25 showed the
highest adaptation to cold environments (LGp-35 and LGp-36).
Genotypes in group GGp-43 were positively associated with the
environment groups LGp-36 (cold environment) and LGp-38
(mild cold environments),whilegenotypic groupGGp-44 showed
thehighest adaptation to LGp-37 (cold environments). Genotypic
group GGp-45 consisted of genotypes that were close to the
origin of the biplot, indicating average performance.
3.5. Causes of GE interaction represented by PC1 and PC2
Both genotypic and environmental PC1 and PC2 scores had
both positive and negative values. Thus, both PC1 and PC2
summarize the most important part of the crossover GE
interaction in rainfed durum wheat MET. Any genotypic traits
and environmental factors that are highly correlated with the
PC1 and/or PC2 scores can thus be interpreted as possible
genotypic and environmental causes of crossover GE interac-
tion [22].LGp_37 LGp_38
ental  group
GGp-43 GGp-40
GGp-25
r environment groups based on yield data. GGp stands for
Fig. 4 – Ordination biplot based on the first two components (PC1 and PC2) obtained from grain yield of 25 genotypes grown
in 21 rainfed environments. The loops enclose genotype (GGp-25, GGp-40, GGp-43, GGp-44, and GGp-45) and environment
(LGp-35, LGp-36, LGp-37, and LGp-38) groups.
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variables such as winter rainfall (P < 0.01) and winter average
and maximum temperatures (P < 0.05) (Table 6). This finding
suggests that environments with greater rainfall and higherTable 6 – Correlation coefficients between the first two
PCs from pattern analysis and various environmental/
genotypic co-variables.
Variable PC1 PC2
Environmental variable
AT_W 0.457⁎ −0.514⁎
Mx_W 0.502⁎ −0.534⁎
Rain_W 0.589⁎⁎ −0.685⁎⁎
AT_A 0.288 −0.581⁎⁎
Mx_A 0.339 −0.537⁎
MN_A 0.112 −0.521⁎
Rain_A 0.255 −0.310
AT_M 0.315 −0.654⁎⁎
Mx_M 0.303 −0.711⁎⁎
Rain_M −0.157 0.381
Genotypic variable
DTH 0.208 0.540⁎⁎
DTM 0.122 0.547⁎⁎
PLH −0.467⁎ 0.576⁎⁎
TKW −0.557⁎⁎ 0.060
*,** Significant at the 0.05 and 0.01 probability levels, respectively.
AT_W, average temperature in winter; Mx_W, maximum
temperature in winter; Rain_W, rainfall in winter; AT_A, average
temperature in April; Mx_A, maximum temperature in April; Mn_A,
minimum temperature in April; Rain_A, rainfall in April; AT_M,
average temperature in May; Mx_M, maximum temperature in May;
Rain_M, rainfall in May; DTH, days to heading; DTM, days to maturity;
PLH, plant height; TKW: 1000-kernel weight.winter temperature tended to have greater PC1 scores. PC1
showednegative correlationswith 1000-kernel weight (P < 0.01)
and plant height (P < 0.05) indicating that lower height and
lower grain weight tended to contribute to GE interaction.
PC2 scores were negatively correlated with maximum
temperatures in May (P < 0.01), April (P < 0.05) and winter
(P < 0.05) and rainfall in winter (P < 0.01), and average
temperature in May (P < 0.01), April (P < 0.01) and winter
(P < 0.05), with greater correlations formaximum temperature
in May and rainfall in winter (Table 6). These high correlations
indicate that there were large differences among genotypes in
response to rainfall in winter and maximum temperature in
May. Positive correlations (P < 0.01) were found between PC2
and genotypic variables such as days to heading and maturity
and plant height. Thus, these phenotypic traits led some
genotypes to perform more favorably in some environments
but less so in others.4. Discussion
In this study most of the TSS was explained by the
environment (82.1% of TSS), reflecting a much wider range of
environment main effects than genotypemain effects. For the
majority of METs, environment accounts for the maximum
variation [11,12]. The observed pattern of GE interaction for
grain yield in durum wheat yield trials supports a hypothesis
of the presence in Iran of differentially adapted durum wheat
genotypes [27,28].
Pattern analysis separated environments on the basis
of temperature. There were extreme differences in the
discrimination effects of cold- and warm-stressed environ-
ments on performance of different genotypes. For a specific
534 T H E C R O P J O U R N A L 3 ( 2 0 1 5 ) 5 2 6 – 5 3 5environment, successful breeding should result in progres-
sion toward a positive association with that environment. The
independent environment groups differing in temperature
indicate that breeding lines are better adapted to warm and
moderately cold environments. In this case, the most cold
adapted genotypes would be located on the left side of the
biplot (Fig. 4) and the most warm- and moderately
cold-adapted genotypes would be located on the opposite
side. Genotypic group GGp-25, the bread wheat cultivar, was
adapted mostly to cold rainfed environments, while the
breeding lines in groups GGp-40 and GGp-45 were well
adapted to warm and moderately cold rainfed environments.
In the present study, pattern analysis, which has previously
been shown to be very effective for analyzing GE interactions
[12,13,16,29], allowed a sensible anduseful summary of aGEdata
set, and assisted in examining the natural relationships and
variations in genotype performance among various environ-
mental groups. It has also assisted with refining the breeding
strategy for durum wheat in Iran with the identification of two
contrasting warm and cold mega-environments [28].
Year-to-year variation in weather has a strong effect on the
degree of stress experienced by crops, prompting the use of
testing environments to represent target stress environments.
van Oosterom et al. [21] found that for two clusters (low-yield
and high-yield) identified in their environments, the same
locations fell into different groups in different years, meaning
that the locations were not repeatable. In our experiments, we
have not been able to ensure repeatability of the cold and
drought stresses under rainfed conditions, and thus repeat-
ability was not shown by the pattern analysis (except for the
Ilam location, corresponding to the warm environments I11,
I12, and I13).
Analytical approaches to GE interaction analysis are impor-
tant for enhancing the value of METs and gaining an under-
standing of causes of GE interactions [22,30]. The techniques
used to interpret GE interactions involve the characterization of
trial sites according to environmental factors, using either direct
measurements, calculated indices, or variables derived from
crop growth models. These covariates can then be analyzed in
combination with modern multivariate techniques such as
pattern analysis, AMMI (additive main effect andmultiplicative
interaction) or GGE (G + GE) biplots to identify patterns of GE
interactions and identify critical factors driving the interactions
[22,31]. Thesemethods have been demonstrated successfully in
a range of other crops [18,19,29,32,33].
Our results indicated that both PC1 and PC2 scores had
both positive and negative values, resulting in crossover GE
interaction and leading to inconsistent yield performance of
genotypes across environments. Most of the environmental
and genotypic covariables were more highly correlated with
PC2 than with PC1 scores, indicating that the contribution of
most covariables can be defined in relation to PC2 scores.
However, when PC1 and PC2 were considered together, winter
rainfall and plant height contributed most to GE interaction in
rainfed durum wheat yield trials in Iran. The results con-
firmed that plant height is an important trait responsible for
observed GE interaction and suggest that GE interaction could
be reduced by optimizing plant height (by selecting plants with
medium height). In this strategy, extremely tall genotypes can
be discarded with confidence even at early stages of breeding.Among the environmental covariables, winter rainfall was the
main contributor to GE interaction and may be the most
effective in identifying superior genotypes for different envi-
ronments. However, genotype evaluation in the presence of
unpredictable GE interaction is a constant problem in crop
breeding [34].
In conclusion, we tested genetic materials under two
limiting factors (cold and drought) of durum yield production
in highland rainfed conditions of Iran. Because of lowermean
yield in colder environments, there was clear discrimination
between cold-tolerant (old varieties) and cold-susceptible
(breeding lines) genotypes. Clear discrimination was not
possible for drought because all trials were conducted under
rainfed conditions but with different rainfall distribution
patterns. However, in our case, GE interactionwas influenced
mainly by the temperature factor. Pattern analysis allowed the
discrimination and characterization of adaptation of genotypes
to cold environments, although several sub-environment clus-
ters were identified within the cold-environment cluster that
may be associated with levels of cold and drought stresses. An
understanding of the causes of GE interaction can help identify
covariables that contribute to better cultivar performance and
environments that facilitate genotype evaluation. The results
indicated that winter rainfall and plant height contributed most
to complex interactions in rainfed durum wheat regional yield
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